Herein, we present a validated predictive QSAR model to provide more insight into the relationship between the molecular properties of diketo acid and carboxamide derivatives as well as HIV-I integrase inhibition. A set of 40 diketo acid and carboxamide derivatives possessing integrase inhibitory activity was subjected to 2D-QSAR using Discovery studio V3.5. The QSAR results presented here were based on a genetic function algorithm (GFA) approach. Logarithmic inverse values of IC 50 (µM) were taken as the dependent variables, and physicochemical parameters were taken as the independent variable. A suitable set of molecular descriptors was calculated using GFA approach (max 500 generations). Results showed that radius of gyration, Zagreb index, Wiener index and minimized energy are statistically significant with the correlation coefficient value of 0.820 and play an important role in HIV-1 integrase inhibition.
INTRODUCTION
Acquired immunodeficiency syndrome (AIDS), currently regarded as one of the most devastating diseases of the human immune system is caused by the human immunodeficiency virus (HIV) [1] [2] [3] . AIDS was first reported in 1981 [4, 5] , and now has become a global pandemic. The integration of HIV-1 DNA into the host chromosome contains a series of DNA cutting and joining reactions. The first step in the integration process is 3 " end processing. In the second step, termed DNA strand transfer, the previously processed viral DNA end is inserted into the target DNA [6, 7] . Thus, the integrase enzyme is crucial for viral replication and represents a potential target for antiretroviral drug design [8] [9] [10] [11] .
It has been almost forty years since the quantitative structure-activity relationship (QSAR) paradigm first found its way into the practice of pharmaceutical chemistry, toxicology (QSTR) [12] , property (QSPR) [13] , and eventually most aspects of chemistry. The first application of QSAR is attributed to Hansch et al. [14] , who developed an equation that related biological activity to certain physicochemical properties of a set of structures [15] and this has become one of the most useful approach to speed up drug design process [16, 17] .
QSAR yield power may be attributed to the strength of its initial postulate that activity was a function of structure as described by electronic attributes and steric properties. QSAR attempts to find consistent relationships between the variations in the values of molecular properties and the biological activity for a series of compounds so that it can be used to evaluate new chemical entities [14] . The formulation  *Address correspondence to this author at the Discipline of Pharmaceutical Sciences, School of Health Sciences, University of KwaZulu-Natal, Westville Campus, Durban 4001, South Africa; Tel: +27 0312607413, Fax: +27 031260 779; E-mail: soliman@ukzn.ac.za of thousands of equations using the QSAR methodology attempts a validation of its concepts and its utility in the elucidation of the mechanism of action of drugs at the molecular level and a more complete understanding of physicochemical properties. It is now possible to develop a model for a system as well as compare models from a biological database [18] .
There is a series of statistical model analyses that are used to develop a QSAR model, which include multiple linear regression (MLR), principle component analysis (PCA), partial least square (PLS), genetic function algorithm (GFA).
In this study, we describe the application of QSAR models based on GFA approach. GFA is a heuristic search method used for identifying optimal solutions to a problem where the possible solution space is too large to be exhaustively enumerated. GFA has been widely used for feature optimization in QSAR models for variable selection [19] [20] [21] . The purpose of variable selection is to select the variables significantly contributing to prediction and to discard other variables by a fitness function. The GFA approach has a number of important advantages, which include: ability to build multiple models rather than a single model; automatic selection of features to be used in its basic functions and to determine the appropriate number of basic functions to be used by testing full-size models rather than incrementally building them; reliable discovery of combinations of basic functions that take advantage of correlations between features; ability to incorporate the lack of fit (LOF) error measure developed by Friedman [22] that resists over fitting and allows user control over the smoothness of fit; use of larger variety of basic functions in construction of its models, preferred model length and useful partitions of the data set, automatic removal of outliers and finally, provision of additional information not available from other statistical standard regression analysis. The GFA has been applied to three published data sets to demonstrate it is an effective tool for doing both QSAR and QSPR [23] [24] [25] .
Although several QSAR studies on HIV integrase inhibitors have been reported [26] [27] [28] [29] [30] [31] [32] using MLR, PLS and PCA, the QSAR study on HIV-1 integrase using the GFA method has been lacking in literature. Such an understanding about the GFA method might provide a new starting point for the design of novel inhibitors against HIV-1. The main purpose of this work is to find out how accurate the QSAR analysis predicted the activities of compounds that were already synthesized in comparison to their experimental biological activities. Therefore, a 2-dimensional QSAR model was used to analyze some potential diketo acid and carboxamide-based HIV 1 integrase inhibitors.
The list of the structures of 40 inhibitors employed in this study and their experimental inhibitory concentration (IC 50 ) effective against HIV-1 integrase enzyme was taken from literature [33] [34] [35] (Table 1) .
METHODS
The QSAR study that we conducted was performed on 40 molecules of the diketo acid and carboxamide derivatives ( Table 1 ) which had strand transfer data (IC 50 -molar concentration of the drug leading to 50% inhibition of enzyme Integrase) that was collected from literature [33] [34] [35] . Out of 40 molecules, 30 were used as a training set and 10 molecules as a test set to evaluate the internal degree of predicitivity of the QSAR equation. With the help of CHEM 3D, which has been used in a previous study [31] , different 2D structures were drawn (see Table 1 ), followed by the conversion to 3D structures of reasonable conformations using Discovery studio v3.5 software, which has been previously used in a publication [36] . A large number of descriptors were also calculated (e.g. ALogP, molecular weight, molar refractivity, dipole moment, heat of formation, Radius of gyration, Wiener index, Zagreb index etc.) (the full list of descriptors is provided in the supplementary material file). Total charge and total formal charge, which are atomistic descriptors, were found to be irrelevant, due to the insignificant values of zero, and were therefore discarded from this study. 2D QSAR analysis was carried out using genetic function approximation (GFA) analysis (with 500 maximum generations) [31] .
Calculation of pIC 50
Reported IC 50 (µM) for strand transfer values were manually converted into -log IC 50 (pIC 50 ) using the formula given below. The term 'pIC 50 ' is a scale for expressing IC 50 value exponentially, which normalizes the actual activity using negative logarithmic function.
pIC 50 = -log IC 50
Calculation of Molecular Descriptors
The molecular descriptors were calculated for the data set using QSAR properties and utility of Discovery studio v3.5. Topological (surface area) and constitutional descriptors (AlogP, Dipole, Molecular weight, Energy, Radius of gyration, Wiener index and Zagreb index etc.) were computed ( Table 2) .
CONCLUSION
In this study, we screened 26 preselected descriptors for 40 compounds using GFA method. GFA was then used to generate three different 2D-QSAR models to determine the degree of predicitivity of these diketo acid and carboxamide derivatives as HIV-1 integrase inhibitors. A QSAR model was generated for integrase activity. As all the descriptors were not important for specific model generation, in order to select the optimal set of descriptors, we used systematic variable selection leave one out (LOO) method in a stepwise forward manner for the selection of descriptors. Three best QSAR equations models generated for this study using the GFA approach and LOO method are shown in Table 3 .
The statistical quality of the generated models was determined by the parameters like correlation co-efficient (R 2 ), cross-validated squared correlation co-efficient (Q 2 ), LOF, which is the relative measure of quality of fit, p-value which represents the variance of calculated and observed activity, and chance statistics assuring that the results are not merely based on chance correlations. Best models were selected on the basis of their statistical significance. From the equation it was observed that, the radius of gyration and minimized energy and Zagreb index are positively correlated with the biological activity, however radius of gyration had the most contribution towards the biological activity. The radius of gyration of a molecule describes its dimensions and is calculated as the root mean square distance between its center of gravity and its ends. The value of R in compounds 30, 34, 35 and 36 having amide residue attached to a cyclic aromatic ring is high. These compounds showed good activity. On the contrary the value of R in the compounds 13, 17 and 19 having a halogenated group is low and resulted into lower biological activity. The second parameter Z contributed relatively lower in the above QSAR study but positively correlated with biological activity. The Z is a topological descriptor based on the vertex degree of heavy atoms. It also interprets the activity of compounds 18 and 20 having heavy atoms compared to compounds 9 and 13. The W is the sum of the chemical bonds existing between all pairs of heavy atoms in the molecule. The value of W in the compounds 1, 3, and 5 having a heavy atom attached to one of the aromatic rings is less. This resulted in lower biological activity. On the other hand, the high value of W in the compounds 30, 34 and 36 is due to the fact that these compounds have one or more amide group attached to one or more cyclic aromatic ring, which gives room for an addition or substitution reaction and thus an increased biological activity. From the equation it was observed that, the total solvent accessible surface area and minimized energy and Zagreb index positively correlated negatively with biological activity, however Zagreb index contributed mostly towards the biological activity. The Zagreb index of a molecule describes the sum of squares of vertex valences. The value of Z in compounds 21, 30, 31 and 40 having amide residue attached to a cyclic aromatic ring is high. These compounds showed good activity. On the contrary, the value of Z in the compounds 4, 5 and 7 having a sulfide group attached to an aromatic cyclic ring is less and resulted into lower biological activity. The second parameter M contributed relatively low in the above QSAR but positively correlated with biological activity. The M is a topological descriptor that best describe the energy of a system after a fast minimization procedure and it interprets the high activity of compounds 26 and 29 respectively. From the equation it was observed that the Zagreb index (Z) and Radius of gyration (R) positively correlated with biological activity, however R contributed mostly towards the biological activity. The value of R in compounds 30, 34, 35 and 36 having at least an amide residue attached to a cyclic aromatic ring is high. These compounds showed good activity. On the contrary, the value of R in compounds 13, 17 and 19 having halogenated group is lower and this resulted in decreased biological activity. The second descriptor Z gave the least contribution in the above equation but positively correlated with the biological activity. Z also interprets the activity of compounds 18 and 20 having heavy atoms compared to compounds 9 and 13, which shows lower biological activity. Table 4 shows the experimental pIC 50 and the predicted pIC 50 using the GFA approach for the training set. This shows how the GFA method predicted the pIC 50 . Table 5 also shows how well the pIC 50 was predicted using the GFA approach for the test set. From the residual values (Figs. 4, 5 and 6) , it can be clearly seen that the lower residual values show that there is a minimal difference between the experimental value and the predicted value of the biological activity of this test set.
The histograms of the three different QSAR models are represented below.
In Fig. (7) , the Y-axis represents the different molecular descriptors used in this study as shown on the right side of the graph. On the other hand, the X-axis represents the number of generations we could generate for each of these molecular descriptors.
According to Fig. (7) , at each step, the GFA uses the current population to create the children that make up the next generation. The algorithm selects a group of individuals in the current population, called parents, who contribute their genes-the entries of their vectors-to their children. The algorithm usually selects individuals that have better fitness values as parents. User can specify the function that the algorithm uses to select the parents. The GFA creates three types of children for the next generation: Elite children, Crossover children, and Mutation children. In our QSAR study, the algorithm stops when the number of generations reaches the value of 500 Generations.
In this present study, QSAR models have been developed based on molecular, structural, physicochemical, 2D and 3D properties that were obtained from various softwares. The Discovery studio result suggests that the Radius of gyration, Zagreb index, Wiener index and minimized energy are statistically significant with a correlation coefficient value of 0.8209, which is highly significant. These descriptors have played an important role in identifying some promising compounds that possess HIV-1 inhibitory properties such as compound 18, 20, 30, 34, 35 and 36. The synthesis of the compounds considered in this study was done in literature [33] [34] [35] but it was validated using 2D-QSAR model. This model holds good predictive performance with Q 2 values ranging from 0.47 to 0.62 that was calculated using LOO method. In conclusion, this model can be used to predict more potent drugs that possess HIV-1 integrase inhibitory property.
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